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Abstract. In diesel engine fault diagnosis, non-stationary vibration signal is easily disturbed by 
strong noise. In view of the shortcomings of empirical mode decomposition (EMD) and wavelet 
transform in de-noising, a de-noising method is proposed, which is Empirical Wavelet Transform 
(EWT) autocorrelation analysis. Taking advantages of EMD and wavelet transform, the Fourier 
spectrum is adaptively divided by EWT, and the intrinsic mode components of different frequency 
are extracted through constructed wavelet filter, and the method can effectively eliminate modal 
aliasing and solve adaptive problems in wavelet de-noising. At the same time, autocorrelation 
analysis can make the random noise decay to zero, and the modal components with high frequency 
random noise are dealt by autocorrelation analysis. The method is used to de-noising and 
compared the de-noising effect of EWT and EMD. Results show that the method can effectively 
decompose the intrinsic mode component with less number, and there is no false mode, and the 
de-noising effect is better than EMD de-noising. The method is feasible and effective in de-noising 
by vibration signals of diesel engine. 
Keywords: empirical wavelet transform, autocorrelation analysis, empirical mode decomposition, 
vibration signal, de-noising. 
1. Introduction 
The complex motion of diesel engine often brings a lot of noise, which makes the useful 
information of vibration signal disappear in the background noise. Therefore, improving the 
signal-to-noise ratio by using an effective denoising method is conducive to improving the signal 
processing level of vibration signals. Wavelet transform and Empirical mode decomposition have 
some applications in the de noising of vibration signals [1-3], however, there are some 
shortcomings in the wavelet denoising method, such as the effect of wavelet denoising and the 
selection of wavelet base, which makes the wavelet denoising not adaptive. Although the EMD 
denoising is completely adaptive, it is easy to cause modal mixing and false modes due to over 
enveloping and under enveloping. 
On the basis of Empirical mode decomposition, Gilles [4, 5] et al. proposed a new 
non-stationary signal analysis method-Empirical wavelet transform, which combines the 
advantages of wavelet transform and empirical mode decomposition. M. Kedadouche [6] et al. put 
forward the application of EWT and EMD in bearing fault diagnosis. Yue Hu [7] et al. proposed 
an enhanced empirical wavelet transform for noise and non-stationary signals, and obtained good 
results in simulate and real signals. Tao Liu [8] et al. put forward a fault detection method based 
on empirical wavelet transform, which is applied to ultrasonic peeling defects. Mourad 
Kedadouche [9] et al. put forward a new method of bearing fault diagnosis based on OMA and 
empirical wavelet transform. Jinglong Chen [10] et al. put forward the application of empirical 
wavelet transform based on measured vibration signals in fault diagnosis of wind turbine generator 
bearings. Zhu Yanping [11] et al. used the enveloping method based on the sequential statistical 
filter to obtain the effective peak value. The improved empirical wavelet transform is applied to 
the fault diagnosis of rolling bearings. The effectiveness of the method is proved by the analysis 
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and verification of the simulation signal and the experimental signal. Empirical wavelet transform 
is widely used in the field of fault diagnosis, but there are few researches on denoising of vibration 
signals. 
In this paper, a vibration signal denoising method based on empirical wavelet transform 
autocorrelation analysis is proposed. The empirical wavelet transform is used to obtain the 
corresponding intrinsic modal components. Aiming at the problem of periodic random noise in 
the inherent modal components, it can be de-noised by using the characteristics of the 
autocorrelation function to attenuate the noise signal. The effectiveness of denoising is verified by 
simulated and measured signals. 
2. Empirical wavelet transform and proposed denoising method 
2.1. Empirical wavelet transform 
The empirical wavelet transform decomposes the signal 𝑓(𝑡)  into the sum of the modal 
functions 𝑓௜(𝑡). The modal functions are considered as follows: 
𝑓(𝑡) = ෍ 𝑓௜(𝑡),
ே
௜ୀଵ
 (1) 
where 𝑓௜(𝑡) is intrinsic modal component for EWT decomposition. 
First, the Fourier spectrum of the signal is divided, and the frequency range of the Fourier 
spectrum of the signal is defined as [0, 𝜋]. The 𝑁 maximum in the spectrum is found and the 
spectrum is divided into N continuous intervals Λ௡, and the boundary of the two adjacent bands 
is expressed by 𝜔௡, in which the 𝜔௡ is the middle point of the two adjacent maximum points of 
the signal Fourier spectrum, and the partition interval is expressed as:  
൜Λ௡ = [𝜔௡ିଵ, 𝜔௡],   𝑛 = 1,2, … , 𝑁,   (𝜔଴ = 0, 𝜔ே = 𝜋),∪௡ିଵே Λ௡ = [0, 𝜋].  (2) 
After determining the segmentation interval, adding wavelet window to each interval. 
According to the construction method of the Meyer wavelet [12], the empirical scale function is: 
𝜑ො௡(𝜔) =
⎩
⎨
⎧0, |𝜔| < (1 − 𝛾)𝜔௡,
cos ቈ𝜋2 𝛽 ቆ
|𝜔| − (1 − 𝛾)𝜔௡
2𝛾𝜔௡ ቇ቉ , (1 − 𝛾)𝜔௡ ≤ |𝜔| ≤ (1 + 𝛾)𝜔௡,
1, otherwise.
 (3) 
The empirical wavelet function is: 
𝜓෠௡(𝜔) =
⎩
⎪⎪
⎨
⎪⎪
⎧1, (1 + 𝛾)𝜔௡ ≤ |𝜔| < (1 − 𝛾)𝜔௡ାଵ,
cos ቈ𝜋2 𝛽 ቆ
|𝜔| − (1 − 𝛾)𝜔௡ାଵ
2𝛾𝜔௡ାଵ ቇ቉ , (1 − 𝛾)𝜔௡ାଵ ≤ |𝜔| ≤ (1 + 𝛾)𝜔௡ାଵ,
sin ቈ𝜋2 𝛽 ቆ
|𝜔| − (1 − 𝛾)𝜔௡
2𝛾𝜔௡ ቇ቉ , (1 − 𝛾)𝜔௡ ≤ |𝜔| ≤ (1 + 𝛾)𝜔௡,
0, otherwise,
 (4)
where 𝛾  shall satisfy the following condition: 𝛾 < min௡[𝜔௡ାଵ − 𝜔௡ 𝜔௡ାଵൗ + 𝜔௡] ; 𝛽(𝑥)  shall 
satisfy the following condition: 𝛽(𝑥) = 𝑥ସ(35 − 84𝑥 + 70𝑥ଶ − 20𝑥ଷ). 
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2.2. Proposed denoising method 
First, the noise signal 𝑓(𝑡) is decomposed by EWT, and 𝑖 intrinsic modal components are 
obtained. Then, the demarcation point 𝑗 is determined by the mean square error criterion proposed 
by Boudraa [13]. Furthermore, the autocorrelation denoising is carried out for noise dominated 
components, and the components of noise cancellation are 𝑒𝑤𝑡{𝑗 + 1}, 𝑒𝑤𝑡{𝑗 + 2}, … , 𝑒𝑤𝑡{𝑖}. 
Finally, the high frequency component after de-noising and the low frequency component are 
reconstructed. 
3. Experimental results 
3.1. Experiment condition 
The real vibration signal of this paper is provided by the simulation experiment of the fire 
failure of WD615 diesel engine. The experimental device is shown in Fig. 1, the A area is PXI 
data acquisition system of the national instrument company of the United States, which can be 
used to collect the signal of the vibration sensor by the acquisition system. According to the 
experimental data analysis of the sampled vibration signals, it is found that the propagation 
distance of the vibration signal is proportional to the attenuation amplitude of the vibration signal. 
For the six cylinder diesel engine, the two vibration sensors can collect the vibration signal more 
accurately than the single sensor, and save the cost of the instrument. Therefore, in the area B and 
C, a vibration sensor is installed on top of the 6# cylinder head and the other one is installed on 
top of the 1# cylinder head respectively to collect vibration signals of the diesel engine.  
In this experiment, the normal running speed of WD615 diesel engine is about 900 r/min, the 
experimental sampling frequency is 25600 Hz, the sampling time is 5 s, and the data sample length 
is 128000 data points. 
 
Fig. 1. Experimental device diagram 
3.2. Experimental data processing 
The vibration signal of normal operation of diesel engine is displayed in a complete working 
cycle, as shown in Fig. 2. The vibration signal of the working cycle is decomposed by EWT, the 
number of spectrum segments is decomposed by 𝑁 = 5, and the decomposition results are shown 
in Fig. 3. 
From Fig. 3, it can be found that the frequency components of diesel engine vibration signal 
are more complex, multiple modal components contain noise interference, low frequency noise 
interference is small, and high frequency component noise interference is obvious. The vibration 
signal is processed by EWT autocorrelation denoising, as shown in Fig. 4. Compared to Fig. 3 and 
Fig. 4, it is found that the amplitude of each component is greatly reduced after the noise 
elimination, and the effect of the noise elimination is remarkable in the whole, but there is still no 
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ideal at the end point.  
The denoising and reconstruction signal is shown in Fig. 5. The reconstructed signal eliminates 
the influence of the periodic noise components, and preserves the periodic components of the 
original signal, and the denoising effect is obvious. The results show that the EWT autocorrelation 
denoising method is effective. 
 
Fig. 2. Vibration signal of normal  
operation of diesel engine 
 
Fig. 3. EWT decomposition  
of vibration signal 
 
 
Fig. 4. EWT autocorrelation  
denoising of vibration signal 
 
Fig. 5. Denoising reconfiguration signal 
4. Conclusions 
In this paper, the principle and advantages of empirical wavelet transform (EWT) are 
expounded. The method of vibration signal denoising based on EWT autocorrelation analysis is 
proposed. The validity of the method is verified by the actual vibration signal of diesel engine. 
EWT is essentially a transformation of the Fourier spectrum of the signal. Compared with EMD, 
it can effectively decompose the intrinsic modal components of the signal, and solve the problem 
of excessive modal components and false modal components in the EMD decomposition process. 
The noise elimination method based on EWT autocorrelation can effectively filter the high 
frequency noise components in the signal and retain the useful information in the signal. 
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